Background: The locusts Locusta migratoria migratoria (Orthoptera: Acrididae) is the most destructive agricultural pests worldwide, the population and distribution of L. migratoria migratoria growing rapidly in recent years. It is crucial to find a green, economical way to monitor this insect's population for effective control tactics. In this study, acoustic samples were recorded and analyzed under three different density levels of Asian migratory locust L. migratoria migratoria.
Background
The various subspecies of migratory locusts such as Locusta migratoria migratoria (Orthoptera: Acrididae) is the most destructive agricultural pests worldwide. In recent years, the areas damaged by L. migratoria migratoria have enlarged geographically in China (Ma et al. 2005; Zhang et al. 2009) , and it has caused billions of dollars in property damage. Thus, knowing the dynamics of pest populations is crucial in determining effective control tactics, when to initiate the tactics, and the tactics, once implemented, are successful. Knowing how a population changes could also give us a better understanding of occurrence regularity of the species studied. The current monitoring methods for such species mainly depend on field observations and remote sensing data (Drake et al. 2002; Ceccato et al. 2006; Shi et al. 2003) . However, due to the high cost of radar and satellite sensor-based monitoring system, it is meaningful to find an effective and economical solution. The application of acoustic signals in monitoring pest populations has inherent advantages: It only needs some acoustic sensors set in the field with connection to a computer which is already programmed, and it is more economic than the satellite sensor-based monitoring system. Moreover, we are willing to establish a system that can automatically calculate the classification results without manual observations. Finally, the application of acoustic signals is also a pollution-free and environment-friendly method compared with some chemical methods such as pheromone traps.
Sound productions have great significance for intraspecific communication, such as interaction and courtship (Ragge and Reynolds 1998) , disturbance (García et al. 2003) , and performance in a chorus (Ewing 1989) . Most insects of Cicadidae and Orthoptera can make sounds, but the methods used to emit sounds are very diverse (Uvarov 1996) . The femoro-elytral method is the most widespread in suborder Caelifera, producing stridulation by rubbing the posterior femora against the tegmina (Schmidt and Stelzer 2005) . Other reports claimed, however, that some apterous grasshoppers developed their own methods to produce sounds (López et al. 2007 ). The calling songs have a good specificity and steadiness that can be used as an effective indicator in species identification and evolutionary studies (Ngo and Ngo 2013; Wang et al. 2011; Hemp and Kehl 2010; Montealegre-Z and Morris 2004; Pace et al. 2010) . For more than several decades, researchers had used sounds produced by insects to detect their presence (Riede 1998; Parkman et al. 1996) ; in contrast, few attempts have been made to estimate population size and density. There is only one report about monitoring locust density based on some acoustic characters such as diurnal song activity, the song quality, and the audible distance, but this study is mainly focus on some ecological characters (Fischer et al. 1997) . Until now, there are no reports of precasting insect densities base on their intraspecies acoustic characters, especially in automatic identifications on a particular species.
In order to test whether the intraspecies acoustic characters could be used to estimate the population density of a particular species, the calling samples of L. migratoria migratoria in three different density levels were recorded and analyzed, and then an automatic density classification and monitoring system was established based on the backpropagation (BP) neural network. The results showed that insect songs could be potentially used as an effective and green method in monitoring locust plagues.
Methods

Insects
We used fourth instar larvae of L. migratoria migratoria as specimen, which were collected in Haituo (45°23′ N, 129°91′ E, 133 m in altitude), Da'an, Jilin province, Northeast China. The grassland in Haituo is covered with reeds over 500 ha, and nearly 60% was attacked by the Asian migratory locust. Gregarious nymphs were raised to adults in the lab, fed with fresh reed leaves, and kept in transparent containers (55 cm × 53 cm × 50 cm) at 30 ± 2°C with a 12:12-h light-dark cycle. The male/female ratio is nearly 1:1 per cage. The life cycle of L. migratoria migratoria in this place was also studied by field observation, and the records of the local government were checked. For that, only sexual maturity locust could make songs, and it was important to decide the proper time to monitor the density using this system.
Song recording and analysis
The experiment was divided into three groups, which were defined with actual locust infestation during the past several years according to the local government's records: ). Within 2 months of collection, we recorded the calling songs of both males and females in our lab as sound files using a digital voice recorder (PCM-D50 Digital Recorder, Sony Corporation, Tokyo, Japan). The sampling rate was 96 kHz, and the recorder was placed in the center of the box. It was reported that the acoustic behaviors and the traits of songs changed with temperature (von Helversen 1972), so the temperature was taken under natural sunlight during recording. Each recording sample took 1 h, which was divided into six 10-min samples; each density got 30 samples, and thus, a total of 90 samples were obtained. Thereinto, 45 samples were used as training samples to train the BP neural network, and the remaining 45 samples were used as testing samples to test the system we built. The width of the pulses, the intervals between pulses and pulses groups, the normalized amplitude of pulses, and the amplitude ratio between pulses were analyzed using Cool Edit (Cool Edit pro V2.1, Adobe Systems) and Matlab (Matlab 7.0, Mathworks) with at least 16 different individuals.
BP neural network
For the purpose of automatically classifying and monitoring the population density of L. migratoria migratoria pest, we used the backpropagation neural network. Standard backpropagation is a gradient descent algorithm, as is the Widrow-Hoff learning rule, in which the network weights are moved along the negative of the gradient of the performance function. The term 'backpropagation' refers to the manner in which the gradient is computed for nonlinear multilayer networks. There are a number of variations on the basic algorithm that are based on other standard optimization techniques, such as conjugate gradient and Newton methods.
We used three independent layers: input, hidden, and output layers. As for our purpose, after removing the background noise, the number of efficient pulses was used as input layers, and three different density levels were used as output layers. The number of input neurons depends on the dimension of input vector; in this text, the dimension of input vector was threedimensional, so we used three neurons in input layers. The number of neurons in output layers was three; it was based on the three density levels of locust pest we mentioned above. The number of neurons in hidden layers was determined by the formula n ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi
þ a , where n was the number of neurons in hidden layers, n i was the number of neurons in input layers, n o was the number of neurons in output layers, and a was a constant between 1 and 10 (we took 5 here, which was an intermediate value). Finally, we got n = 7.4, so we used seven neurons in hidden layers. The structure of the BP neural network that we used is shown in Figure 1 .
Data preprocessing
Background noise can be divided into stationary noise and impulse noise. The former can be conveniently removed by setting a proper threshold and clamping it. We set the normalized threshold as 0.1 (this threshold is based on the signal to noise (S/N) ratio); the latter cannot be removed by clamping because its amplitude of shortwave is similar to that of locust songs. Therefore, we converted the migratory locust songs and impulse noise into Bohr square wave after removing the stationary noise (Figure 2a, b, c) . No overlapping pulses were mainly distributed between threshold 0.1 and 0.7. As will be mentioned in the 'Results' section, the calling songs of L. migratoria migratoria have an obvious character of double pulses, and the average width values of pulse A and pulse B were 15.45 and 17.74 ms, respectively (Table 1) . In actual situations, most of the impulse noise differs greatly from locust songs in the width of pulse. The impulse noise would not be counted by cutting off the bad data. The impulse noises, which had the same width as locust songs in minor cases, should exert no effect on the statistical result.
When the population density is very high, there maybe some overlapping pulses; when it occurs, it will not only increase the amplitude but also will prolong the durations of the pulses. To identify this situation, there are two Figure 1 The structure of the BP neural network. Thereinto, input layer n i = 3, output layer n o = 3, constant a = 7, and then we get hidden layer n = 7.4. symbols: firstly, the amplitude was over the normalized threshold 0.7; secondly, the duration of pulse A is between 15.45 and 30.90 ms, and pulse B is between 17.74 and 35.48 ms (more than one pulse time but less than two pulses time). For three or more pulses that overlap, it is really rare and will not take effect on the statistical results, so we did not use them when counting. All the preprocessing methods were programmed with Matlab (Matlab 7.0, Mathworks), and after processing, the counting number of the three thresholds was used as the input layers to the BP neural network.
Field sample test
After the system was established, another 90 field samples were collected in the same location (45°23′ N, 129°9 1′ E, 133 m in altitude) to examine the system. When recording, the recorder was placed on a 0.3 m high tripod with a 0.5 m 2 ranged marker in the grassland, with a wind shelter on the recorder's microphone; each sample took an hour and divided into six 10-min samples. After recording, the locust density were counted by eye to define the level; after that, all the samples were subjected to data preprocessing and input to the system, and the output results were compared with man-made counting, which meant that the man-made results were completely blindly obtained before they were input to the system. We just counted the final number of the locust within 0.5 m 2 which does not include the 'in and out' insects during the recording time.
Results
Song analysis
The calling songs of Asian migratory locust have an obvious character of double pulses (Figure 3 ). For convenience, the first pulse was called pulse A and the other one was called pulse B, the former having higher amplitude and narrower width than the latter. Moreover, the intervals between pulse A and pulse B were stable, and so are the intervals between double pulses. The S/N ratio (the ratio of signal/noise) is about 10. By measuring 187 pulse groups of 16 individuals, we got a statistical result of song traits (Table 1) . As listed in Table 1 , the U test value of pulse amplitude and pulse width between pulse A and pulse B are very large, suggesting a significant difference. The relative errors of all traits were 1.7% to 6.3%, reflecting a good stability. Therefore, the duration traits of pulses were used as parameters in our system.
Data preprocessing results
The counted results of the number of pulses in three different thresholds have been listed in Table 2 , and each density resulted from 100 sound samples. The result indicated that the pulse number in the same threshold was significantly different among the three densities. Taking the data as network input and the density levels of locust pest as network output, we established the classification system. The effective number of pulses in three different thresholds is listed in Table 2 . After removing noise, U test showed that there is greatly significant differences in three densities, and when the threshold was over 0.7, the number of pulses in three densities were 0.0469 ± 0.0028, 0.218 ± 0.068, and 0.416 ± 0.014, respectively, which is much less than the value of the threshold between 0.4 and 0.7. It is suggested that when the density is high, the overlapping pulses are still very rare and take no big effect on the counting results, but, indeed, it was also increasing with the locust density. Half of the data were input to the BP neural network for training, and the rest were used as testing samples.
Training results of neural networks
For training neural networks, each density level randomly selected 15 samples from 30 samples, and the rest were the testing samples. Thus, the total number of training samples and testing samples was 45. We trained neural networks 600 times, and the training target was 0.01. Figure 4 shows the error curve of the network training. Table 3 shows the testing results of this BP neural network. As listed in Table 3 , the correct rate of density level recognition reached 100%, which showed that the system we established worked correctly in the laboratory environment.
Field sample test
After the system was established, field samples were used to test whether this system could be used in actual situations. After field recording, finally, we got 90 recording samples; thereinto, 34 samples were identified as low density, 23 were medium and 11 were high. The correct Between 5 and 50 312.9 309.0 258.7 Figure 4 The error curve of neural network training. We trained neural networks 600 times; the training target was 0.01, and the correct rate of density level recognition was 100%.
recognition rate of our system in field working environment is listed in Table 4 . It is shown that the system also could be used in the field even if the rate is a little bit fewer than the BP neural network testing results.
Discussion
The calling songs of L. migratoria migratoria have an obvious character of double pulses which is not a rare phenomenon in Orthoptera insects (Greenfield 1990 ). The detailed study had been done in katydid Neoconocephalus affinis (Orthoptera: Tettigoniidae). The Fourier analysis of the stimulus envelopes revealed that females respond only when both the first and second harmonics of the AM spectrum are of similar amplitude. The second harmonic is generated by the amplitude difference between the two pulses making up a pulse pair. Females respond to double pulses that have been merged into a single pulse only if this amplitude modulation is preserved (Bush et al. 2009 ). Insect songs had a good stability that is already used as a powerful tool in taxonomy, especially in some closerelated species (Schul 1998) . Our result also suggested a stable acoustic trait in L. migratoria migratoria, which means that these methods could not only be used in L. migratoria migratoria but also in other acoustic insects such as katydids, crickets, and cicadas. Some studies showed that there was a differentiation of songs between geographically isolated populations (Heady and Denno 1991; Paillette et al. 1997) . It is still not very clear for us whether there was a big differentiation of songs in L. migratoria migratoria; if so, we need to adjust the system to adapt to its changes in other locations, but it is convenient to just change some parameters.
There are several reasons why we choose the BP neural network as a statistical method: firstly, the calling songs of L. migratoria migratoria showed double pulses. Even if the calling time varied between different insects, the number of insects may not have a linear relationship with the number of pulses. Secondly, the number in three thresholds took different effects on the classification results. To avoid this, we just input the data in different thresholds and let the BP neural network train the system. The results showed that the BP neural network can provide accurate and effectual information in population density recognition.
There are some points worthy of notice for practical application. Firstly, the calling songs of L. migratoria migratoria were the symbol of sexual maturity, i.e., only adults could make songs by flapping the forewings. This system can accurately recognize the density level of locust plague, but not for the early monitoring. For several years of field observation and combined with the previous record of the local government, we obtained adult emergence time in the field of L. migratoria migratoria. August and September are the most proper time for our monitoring system because most of the adults appear in these two months in Northeast China. It is crucial to do so because the age of inspection is the major factor for us to determine when to use our system; moreover, a common application for density estimation is to determine whether a given population has increased or decreased significantly. Often density estimates between two time periods might be statistically significantly different; in our case, a single classification results cannot be used as a final conclusion. Comprehensive analysis was needed, that is to say, when monitoring a large area of the field, and the number of acoustic sensors and the time to record need to be considered.
Conclusions
Our results showed that the intraspecies acoustic characters could be used to identify the L. migratoria migratoria density based on the BP neural network and could be potentially used in other acoustic agriculture pest. In this paper, we just provided a theoretical method for the monitoring system which is a green, effective, and economical solution to automatically monitor the locust plagues and could be a potential guide to the manufacture of commercial monitoring system which is used in the field.
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